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Use of satellite imagery makes environmental monitoring easy and convenient 
with little of the logistics involved in planning sampling campaigns. Colored dissolved 
organic matter (CDOM) is an important component to track as a proxy for the large pool 
of dissolved organic carbon (DOC). In a world contending with the looming issue of 
global climate change, the ability to investigate the carbon cycle of inland to coastal 
environments allows for examination of the magnitude of carbon flowing through the 
system and potential changes over years. The Arctic region is a critical area for climate 
change impacts but is a difficult landscape for sampling implementation and is thus an 
excellent target for satellite monitoring. This thesis focuses on the North Slopes region of 
Alaska to take advantage of the Toolik Lake monitoring site. Landsat 8 imagery has the 
appropriate spatial, spectral, and temporal resolutions for use in inland water and 
coastal environments. There are numerous developed algorithms for CDOM estimations, 
but many algorithms are designed for specific regions. A special challenge in inland 
environments is the bottom reflectance contribution to the outgoing light signal. An 
algorithm designed specifically for optically-shallow water environments (SBOP) was 
tested against two algorithms designed for optically-deep water environments (QAA-
CDOM, K05). The relationship between CDOM and DOC was also investigated and used 
as further validation for algorithm performance. The SBOP algorithm shows promise 
iv 
alongside QAA-CDOM at estimating CDOM absorption, but the number of validation 
point makes pinpointing one algorithm difficult. All algorithms performed well at 
estimating DOC concentrations. 
v 
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1.1 Colored Dissolved Organic Matter 
The advent of satellite-based research into major water constituents such as 
chlorophyll, non-algal particles, or colored dissolved organic matter (CDOM) has 
expanded the spatial or temporal understanding of these important facets of water 
quality. Complete characterization of water quality from water samples is both time- and 
labor-intensive, highly limiting the scale and temporal resolution of analyses. Without 
widespread investigation, it is difficult to form a picture of how these substances respond 
to seasonal dynamics, short-term weather events, or anthropogenic influences. Remote 
sensing investigations allow for easy and widespread data collection and processing of 
accurate estimations of various water quality metrics.  
CDOM is the portion of the larger pool of dissolved organic carbon (DOC) that 
has photoactive behavior and interacts with light. CDOM comes from the decomposition 
of terrestrial vegetation (allochthonous) or from aquatic plants (autochthonous) 
(Brezonik et al., 2015). The absorptive ability of CDOM decreases with increasing 
wavelength in a fashion allowing the absorption to be described with a variable called the 
spectral slope. Spectral slope is often assumed to be constant at a study site and its value 
provides information about the nature or source of the CDOM in a water body. For 
example, the spectral slope value or changes in it can indicate the dominant mode of 
CDOM alteration or changes in physical or chemical properties such as the molecular 
weight distribution or the ratio of humic to fulvic acids (Carder et al., 1989; Helms et al., 
2008; Loiselle et al., 2009; Vähätalo & Wetzel, 2004). Importantly for this thesis, the 
spectral slope allows absorption at a specific wavelength to be related to another 
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wavelength. This allows field data and algorithms with different wavelength 
measurements to be compared.   
The importance of CDOM lies partly in its contributions to water quality. Both 
CDOM and DOC affect the primary productivity of the environment by the absorption of 
photosynthetically active radiation (400-700nm) and significantly affect the levels of UV 
absorption (Leavitt et al., 2003; Thrane et al., 2014; Vincent & Pienitz, 1996). Bacteria 
and other microorganisms use CDOM as a substrate (Brezonik et al., 2015). CDOM 
affects pH, alkalinity, and the behavior of metals and contaminants (Brezonik et al., 
2015). The photoactive behavior both positions CDOM as an effective proxy for the 
overall levels of DOC in a water body and allows the use of remote sensing to estimate 
and track CDOM concentrations that can be used in environmental studies (Griffin et al., 
2018; Mannino et al., 2008; Thrane et al., 2014). 
Monitoring the concentration of natural DOC also allows for the tracking of 
carbon fluxes through the environmental system. Inland waters are an active portion of 
the global carbon cycle that do not simply transport carbon, but rework it, and are 
susceptible to anthropogenic influence (Cole et al., 2007; Regnier et al., 2013). The 
northern latitudes in particular are a net source of carbon to the atmosphere (Zhuang et 
al., 2006). The primary inland water carbon fluxes are the leaching of organic matter 
from soil, chemical weathering, and photosynthetic carbon fixation (Regnier et al., 
2013). As DOC moves through the hydrologic system, it becomes partially or completely 
oxidized to CO2 due to photochemical and biological processes (Cory et al., 2014). The 
magnitude of this flux is dependent upon concentration and ability of the light field to 






1.2 Remote Sensing 
Investigations into CDOM dynamics using remote sensing have lagged those of 
chlorophyll. CDOM is less widespread in global water bodies than chlorophyll. The open 
ocean is principally Type I water, in which chlorophyll is the only major component. This 
makes inversion of the remote sensing signal relatively simple. It is only in the near-
coastal and inland waters where non-chlorophyll components begin contributing highly 
to the water-leaving light signal from within the water column (Zhu et al., 2014). This 
makes inversion to get the signal of individual components more complex. The 
complication of bottom reflectance is also introduced. In optically shallow waters, light 
reflects off the bottom material and contributes light to the upwelling signal. Bottom 
reflectance contributions to the upwelling water reflectance are significant but must be 
removed to get an accurate reading of light from the water column (Li et al., 2017). 
Much of the difficulty in inverting the CDOM signal comes from the lack of 
distinctive or unique wavelength features. CDOM has a characteristic absorption signal 
where absorption decreases in an exponential fashion as wavelength increases. This 
means that CDOM has the greatest effects on the blue wavelengths, where atmospheric 
correction is most uncertain (Brezonik et al., 2015). The signal is very similar to that of 
non-algal particles with the exception that non-algal particles have a non-negligent 
signal in the near-infrared spectrum (0.7-1.3 µm) (Brezonik et al., 2015; Shanmugam, 
2011). These factors are a limiting factor on the ease of developing algorithms to extract 
the CDOM signal from the total signal. 
Another barrier to the development of CDOM-based algorithms have been 
satellite limitations. Instruments with the necessary spatial (pixel size), spectral (size and 
width of bands), and radiometric (sensitivity to signal strength) resolutions useful for 
coastal and inland water investigations have only been built in the past couple decades 
(Kutser et al., 2009). Radiometric resolution is particularly important as the signals 
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reflected from water are very low. Ocean color satellites have been around since the late 
1970’s and have radiometric sensitivities optimized for water but typically have spatial 
resolutions too low to resolve small features (Kutser et al., 2005). This is sufficient for 
conditions in the open ocean, but inland and coastal waters require high spatial 
resolutions to accurately portray conditions. Spatial resolutions on land-observing 
satellites (including Landsat satellites 4 and 5) have been sufficient for inland or coastal 
use for decades but have radiometric resolutions that make water-based investigations 
difficult (Kutser et al., 2005). Spectrally, it is only the visible spectrum that can be used 
in CDOM algorithms as satellites rarely collect information in the ultraviolet range and 
CDOM is not photoactive in the near infrared. It is only in recent years with the launch of 
Landsat 8 and the Sentinel series that a second short blue band has been added to the 
typical band set, which will allow future algorithms to make use of a band highly effected 
by CDOM. Most algorithms predict the behavior of CDOM at either 420 or 440nm, 
which are the standards for CDOM reporting. A few algorithms have attempted to 
predict the behavior of CDOM in the ultraviolet range, but this remains rare with today’s 
satellite configurations (Cao & Miller, 2015; Fichot & Miller, 2010). 
 
1.3 Algorithm Types 
A large portion of the previously published algorithms for the estimation of 
CDOM are empirical algorithms. Band ratios are the quintessential example of this 
category. Band ratio algorithms work by comparing the upwelling light signal at different 
wavelengths. They are quick, easily implemented, non-mechanistic, and ideal for large 
datasets (Lee et al., 2002; Siegel et al., 2005). Multiple studies have found the green/red 
band ratio to be the most accurate band combination over a wide range of CDOM 
absorption (Dvornikov et al., 2018; Kutser et al., 2005; Tehrani et al., 2013). Use of a 
band over 600nm can improve the ability of an algorithm to differentiate between 
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CDOM and non-algal particles (Shanmugam, 2011; Zhu et al., 2014). Empirical 
algorithms can, however, suffer from a lack of transferability to regions outside of the 
calibration zone and from other assumptions like a fixed CDOM to chlorophyll ratio 
(Herrault et al., 2016; Siegel et al., 2005). These limitations pushed the development of 
algorithms that have a lesser reliance on empirical relationships and have a focus on the 
innate relationship between constituents and the behavior of light. 
The radiative transfer theory is a long-standing theory linking the optical 
properties of a medium with the surrounding light field. It was adapted for the 
oceanographer community principally by Rudolph Preisendorfer and it is the work and 
solutions on this theory that underpin the conceptual basis of semi-analytical algorithms 
(Preisendorfer, 1976). Individual components to the overall light signal are modeled to 
give results with generally greater accuracy than empirical algorithms (Gonçalves-Araujo 
et al., 2018; Zhu et al., 2014). These algorithms can be time-consuming to process over 
large datasets, which may make them a less appealing option in certain scenarios (Lee et 
al., 2002). Many existing algorithms are ill-designed for investigations into CDOM as 
they do not differentiate the CDOM and non-algal particle components (Miller et al., 
2007; Shanmugam, 2011; Zhu et al., 2014). There is a growing body of algorithms of this 
category designed for CDOM and some of them will be implemented in this thesis. 
This thesis will focus on the comparison of different algorithms for their ability to 
sufficiently estimate the absorption of CDOM in a high-latitude inland water 
environment. These environments have historically an area of little focus in CDOM 
research. The algorithms that will be highlighted are the Shallow Bio-Optical Properties 
(SBOP) algorithm, the Quasi-Analytical Algorithm for CDOM (QAA-CDOM), and an 
unnamed band ratio algorithm (which will be referred to as K05) (Kutser et al., 2005; Li 
et al., 2017; Zhu & Yu, 2013). These three algorithms were chosen to represent a range of 
algorithm types. K05 represents the realm of easily implemented but location-dependent 
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empirical algorithms. SBOP and QAA-CDOM are both semi-analytical algorithms 
designed for multi-region use but are optimized for different optical depths. QAA-CDOM 
is designed for optically deep waters with no bottom reflectance contribution such as 
deep lakes and turbid waters. SBOP, which is designed for optically shallow waters with 
bottom reflectance contributions, is hypothesized to be a better fit for areas with 








2.1 Study Site 
The North Slopes region of Alaska was chosen to be the study site (see Figure 1). 
With increased greenhouse gas emissions and the driving force of climate change, there 
has been renewed focus on the polar regions. There is a growing body of evidence that 
the northern latitudes are affected at a greater rate than other regions of the globe in a 
process called Arctic amplification (Bekryaev et al., 2010; Larsen et al., 2014). The rate of 
temperature increase seems to be twice the rate of non-polar areas (Bekryaev et al., 
2010). The productivity of the Arctic regions seems to be increasing, including a 
transition towards more boreal conditions (Hinzman et al., 2005; S.-J. Jeong et al., 
2018). Variations in the overall hydrologic cycle such as decreasing snow depth and 
cover, decreases in the surface water balance and higher winter flow rates have been 
discovered (Callaghan et al., 2011; Hinzman et al., 2005). Annual river discharge in the 
Arctic has been increasing, particularly from groundwater sources (Peterson et al., 2006; 
Smith et al., 2007; White et al., 2007). 
A unique feature of the northern latitudes is that part of the ground remains 
permanently frozen throughout the year- a phenomenon called permafrost. Permafrost 
stores a significant amount of carbon, which makes permafrost highly important in any 
discussion involving climate change (Schuur et al., 2015). Areas with less permafrost 
generally have greater DOC loading (Kicklighter et al., 2013). Warming temperatures 
may create greater mobilization of carbon by exposing previously frozen DOC to 
decomposition and water infiltration (Kicklighter et al., 2013). Permafrost carbon in 
northern regions has elevated potential for bio- and photo-degradation to carbon dioxide 
or methane, both significant factors in greenhouse gas concentrations (Littlefair & Tank, 
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2018; Panneer Selvam et al., 2017). Thermokarst features have been correlated with 
CDOM concentrations in lakes and have also been implicated in providing quick pulses 
of modern DOC or leaching ancient DOC to surface waters (Dvornikov et al., 2018; 
Spencer et al., 2016; Vonk et al., 2015). CDOM and DOC that enter the inland hydrologic 
system will travel to the ocean. CDOM is the principal non-water absorber in the Arctic 
Ocean, and the majority of the CDOM in the Arctic Ocean comes from terrestrial sources, 
indicating that inland carbon export has a non-negligible effect on the character of the 
Arctic Ocean and its interactions with the atmosphere (Amon et al., 2012; Gonçalves-
Araujo et al., 2018; Guéguen et al., 2005).  
The central feature of the study site is Toolik Field Station, located at the base of 
the Brooks Range (~720m above sea level) on the shores of Toolik Lake. Toolik Lake and 
its associated headwater lakes are highlighted in the inset of Figure 1. Brooks Range itself 
is a largely protected as a national park and wildlife refuge with little alteration from 
human activity. Toolik Field Station is a member of the Long Term Ecological (LTER) 
network, a group of sites under long-term observational and experimental conditions to 
provide understanding and context as to how events shape and effect environmental 
conditions. The area has complete snow cover for 7-9 months of the year and has an 
average yearly temperature of -8°C (17°F) (Hobbie & Kling, 2014). Lakes and streams are 
ice-covered throughout the winter with a decreased or absent streamflow (Hobbie & 
Kling, 2014). The permafrost throughout the site averages a depth of 200m while the 
ground thaws to a depth of 50cm in the summer (Hobbie & Kling, 2014). Thermokarst 
features in the North Slopes have depths of or less than the active layer depth (Hobbie & 
Kling, 2014). This Route 11 runs through a significant amount of the study area, running 
up to Prudhoe Bay at the coast. Prudhoe Bay hosts one of the largest oil fields in the 
United States. There are numerous roads and man-made features visible on satellite 
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imagery. Human activity may influence environmental characteristics in the northern 
part of the study area. 
Figure 1. A map of the study area in the North Slopes region highlighting sample 
locations and an example of the Landsat scene size in comparison to the whole study 
area. Validation sites and Toolik Lake (highlighted with a yellow star) were used in the 
algorithm comparison while sample sites cover the geographic range of all datasets 
used. The locations denoted with a red star are used as validation sites. Multiple 




2.2 Landsat Imagery 
Level 1 satellite imagery from Landsat 8 was downloaded via the USGS Earth 
Explorer portal. A list of the images downloaded is provided in Table 1. Launched in 
2013, Landsat 8 extends coverage of the visible spectrum with a Coastal Blue band 
centered at 443nm, analogous to the standard North American reporting wavelength for 
CDOM absorption at 440nm. Landsat 8 has proved satisfactory in aquatic remote 
sensing analyses (Chen et al., 2017; Kutser et al., 2016; Li, Yu, Tian, Becker, et al., 2018; 
Olmanson et al., 2016). The validation dates were chosen to be as close as possible to 
sample dates for both CDOM and DOC datasets. The difference between sample and 
image dates was selected to be never more than a week (see Table 2 for matchup 
information). CDOM levels are typically assumed to be stable over short-time scales as 
the major internal processes that influence CDOM levels, such as autochthonous 
production, occur on the order of weeks or months and many studies utilize images 
taken up to several weeks before or after sample collection (Brezonik et al., 2015; 
Cardille et al., 2013; Kutser et al., 2016). 
Table 1. A table of Landsat scenes used in this thesis to estimate CDOM and DOC 
concentrations. Each image is identified by its path and row. The time refers to when 
Landsat 8 passed the center point of the image. Each pass over the study area occurs at 
approximately the same time, eliminating the possibility of sun illumination 
contributions to variations. The cloud percent indicates how much of the land was 
covered by cloud. All images chosen for use had visible sample locations. Information on 
what the image was used for is provided in the dataset column. Images were either 
matched to sample data or used to estimate the values of CDOM and DOC. 
Date Path/Row Time Cloud (%) Dataset 
7/7/13 74/11 21:44 14.00 CDOM 
8/8/13 74/11 21:44 34.73 CDOM 
8/26/13 72/12 21:32 9.54 CDOM 
     7/28/14 72/12 21:30 63.08 DOC 
8/11/14 74/12 21:42 21.08 DOC 
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8/13/14 72/12 21:30 83.33 DOC 
6/20/15 73/12 21:35 32.76 DOC 
7/13/15 74/12 21:42 39.65 DOC 
8/7/15 73/12 21:36 37.51 DOC 
6/22/16 73/12 21:36 12.55 DOC 
7/8/16 73/12 21:36 46.75 DOC 
7/31/16 74/12 21:42 14.05 DOC 
7/4/17 72/12 21:30 21.34 DOC 
6/28/2018 73/12 21:35 69.16 Validation 
6/15/2019 73/12 21:36 7.95 Validation 
7/8/2019 74/12 21:42 0.37 Validation 
7/10/2019 72/12 21:30 7.03 Validation 
7/3/2020 73/12 21:36 1.47 Validation 
8/4/2020 73/12 21:36 32.17 Validation 
The ability to select satellite images was hampered by the presence of clouds. The 
average cloud fraction over land in the Arctic is 70%, with maximum cloud cover 
occurring at the time of sea ice minimum from early summer through early fall 
(Chernokulsky & Mokhov, 2012). The cloud percentage as reported in Table 1 varied 
highly over all the images. Every image chosen had visible sample site locations, but the 
presence of haze cannot be ruled out on every image. Out of 18 sampling days in the 
summer of 2013, only five days could be matched to a total of three images. This severely 
limited the number of validation samples that could be extracted for use with the CDOM 
algorithms as demonstrated by Table 2. The DOC sampling campaign extended for 313 
days over five years, but only 14 days of sampling could be used as validation data. This 
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did provide a higher number of DOC samples for validation use but is still far from 
representative sampling over individual years. 
Table 2. This table highlights the matches between field samples and Landsat imagery. 
All but two of the sample days are matched to images within 3 days. The number of 
samples that can be matched per day is highly variable due to cloud conditions and 
sampling frequency. DOC samples were taken on a more frequent basis and could often 
be matched to an image within 1 day. 










7/10/13 3 1 
8/8/13 8/8/13 0 1 
8/21/13 8/26/13 5 5 











7/28/14 0 1 
8/12/14 8/11/14 1 7 
8/13/14 8/13/14 0 9 
6/19/15 6/20/15 1 2 
6/23/15 6/20/15 3 1 
7/10/15 7/13/15 3 2 
7/14/15 1 6 
8/7/15 8/7/15 0 2 
6/22/16 6/22/16 0 8 
7/8/16 7/8/16 0 2 
7/29/16 7/31/16 2 1 
7/4/17 7/4/17 0 2 
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2.3 Image Preprocessing 
Atmospheric correction is the process of converting the digital signals collected 
by the sensor into an estimation of the energy reflected by the surface material. The 
variable collected by the sensor is termed radiance (L), which consists of light traveling 
upward in a certain direction. Radiance takes multiple paths from the waterbody to the 
sensor as demonstrated by the equation 
Lu = La + Lr + Lw   Eq. 1 
where Lu represents the total upwelling signal collected by the sensor and the righthand 
variables represent the three major categories of paths that radiance can take (also 
shown in Figure 2A). Radiance interacts with atmospheric components such as air 
molecules or aerosols and can be scattered into the sensor from other directions (La). Lr 
represents the surface reflectance, the fraction of light that reflects off the surface of the 
water and travels to the sensor. Lw, or the water-leaving radiance, is the tiny fraction of 
the radiance that is reflected or scattered from within the water column. The 
contributions of each path to the overall total signal at the sensor is shown in Figure 2B. 
The atmospheric component composes the majority of the signal, with the surface and 
water-leaving components comprising roughly equal shares of the remaining portion 
(Mobley, 2020). This variable and the atmospheric correction process to isolate it is 
unique to aquatic remote sensing. 
 Radiance is not the variable used in scientific analyses, however. The remote 
sensing reflectance (Rrs) is a more stable variable that minimizes environmental effects 







   Eq. 2 
where the surface radiance is removed from the total radiance after atmospheric 
correction has removed the atmospheric component. The remaining water-leaving 
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radiance is divided by the downwelling irradiance (Ed). Acolite outputs the Rrs signals at 
the corresponding band centers of Landsat 8, which do not quite match the wavelengths 
required by SBOP and QAA-CDOM as inputs. The outputs are then interpolated in the 
course of processing to the correct wavelength using the Landsat spectral response from 




Figure 4. These two subfigures give an overview of the light field characteristics. (A) A 
view of the paths light takes from the sun to the sensor. Light interacts with both the air 
and ground features and may do so multiple times before reflecting to the sensor. (B) A 
modeled breakdown of the contributions of each path to the total. Most of the light that 
hits the sensor comes from atmospheric effects, which must be removed. Light 
reflecting from the water column and light reflecting from the water surface contribute 




The atmospheric correction process of the downloaded images was performed 
with an open-source program called Acolite (Vanhellemont & Ruddick, 2014, 2015). 
Acolite provides both a GUI and a command-line interface option for running the 
program. The command-line interface was used in this project as it provides easier 
access to customization options. An example of the settings applied to Acolite are located 
in the Appendix. It should be noted that the inbuilt DEM for Acolite only runs up to 
60°N, several degrees below the study site area. The elevation had to be input manually 
to match the approximate elevation of Toolik Lake (720m), which treats the entire 
Landsat scene as a flat surface. Although many of the validation sites are within 700-
800m above sea level, several sites are closer to sea level. The impact of this choice will 
be investigated as part of this thesis. 
 Acolite has been used in multiple studies and analyses with good results (Ilori et 
al., 2019; Li, Yu, Tian, Becker, et al., 2018). Acolite is designed specifically for aquatic 
remote sensing using the Landsat 8 and Sentinel-2 satellites. Two different options for 
atmospheric correction are included. The recommended option is the dark spectrum 
fitting algorithm. Dark targets are chosen using a dynamic band selection process to 
select the best bands for an image (Vanhellemont, 2019b). The other option is an older 
exponential algorithm where the two SWIR bands are used to estimate the aerosol 
reflectance (Vanhellemont & Ruddick, 2015). It was developed for use in water turbidity 
studies, but often outputs negative reflectances in environments with low turbidity 
(including a test image for this thesis) and can have poor performance in the blue 
spectrum (Vanhellemont, 2019b). The dark spectrum algorithm provides better 
performance in the blue spectrum and better performance over the exponential 
algorithm, so was run on all images in the thesis (Vanhellemont, 2019b). Land masking 
and output of the water-leaving radiance is automatically done using the closest band to 
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1600nm (Vanhellemont, 2019a). Rrs products were output as TIF files with all other 
reflectance outputs bundled into netCDF files. 
 Shadows and snow/ice pixels may be left on the image after Acolite processing. It 
is important to remove these pixels to avoid any anomalous results output by any 
algorithms. They can be differentiated by the spectral intensity of the pixels. In ENVI, 
the RGB to HSV (Munsell) tool was run on the full Landsat image with the NIR, red, and 
green bands. The Value component of the HSV system was used to identify a threshold 
between land and water. This threshold was used to create a land mask, which was then 
edited in ArcGIS 10.4 to remove non-water areas and areas under three pixels (900 m2). 
This was implemented to reduce the incidence of stray pixels and pixels that have a 
greater chance of contamination from surrounding shoreline. The modified file was then 
used to clip the Acolite output into the final form for algorithm processing. 
 
2.4 Sample Data 
CDOM measurements from the field came from a study by Kling and Cory over 
the years of 2010-2013 (2016b). Samples were taken throughout the summer from 
undisturbed water bodies and thermokarst features in the vicinity of Toolik Lake and 
Sagavanirktok River. Several light field properties were measured using an Ocean Optics 
USB 4000 for absorption at multiple wavelengths and fluorescence values (Cory et al., 
2014). The dataset only contains up to 412nm, which does not match the wavelength at 
which the algorithms output estimations of CDOM absorption, so each site sample was 
fit using the equation 
𝑎𝐶𝐷𝑂𝑀(440) = 𝑎𝐶𝐷𝑂𝑀(412) ∗ 𝑒
−𝑆𝐶𝐷𝑂𝑀∗(440−412)   Eq. 3 
from Bricaud et al. (1981) to estimate the CDOM absorption at 440nm. CDOM 
absorption, representing the amount of light attenuation and usually with units of m-1, is 
the preferred method for reporting the amount of CDOM. The ‘S’ parameter represents 
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the spectral slope, which characterizes the exponential decrease of CDOM with 
wavelength. The spectral slope was fit separately for each sample. These estimates were 
then used to provide values for the validation of algorithm outputs. 
 DOC measurements were taken from two separate datasets investigating the 
biogeochemistry of the North Slopes region spanning the years from 2010-2017 (Kling, 
2019; Kling & Cory, 2016a). The earlier investigation extends from 2010-2013 and was a 
partner investigation to the CDOM dataset used in this thesis, with samples taken in 
close matchup for an investigation into CDOM/DOC degradation characteristics. The 
later investigation lasted from 2012-2017. Sample locations were typically located at the 
inlets and outlets of selected sample locations. The DOC samples were kept cold and 
dark before being analyzed on Shimadzu TOC analyzers. These datasets were used to 
derive the CDOM-DOC relationships and to provide validation sites. 
 The relationship between CDOM and DOC for the region was created by 
matching CDOM and DOC points by location and time. The matched points come from 
both datasets and cover the three-year timespan of the CDOM dataset (2010-2013). Both 
thermokarst and non-thermokarst features were used. Matching was done automatically 
using a program called Feature Manipulation Engine (FME). Location names were 
inspected to ensure continuity across datasets and modified if not. Datapoints were 
matched automatically by location and date, deriving a list of CDOM and DOC samples 
with no time delay. Extra matches of CDOM and DOC samples closely related in time 
were matched manually. 
 
2.5 Ancillary Data 
Relationships between CDOM and DOC are strongest when created on watershed 
or subbasin scale to account for variations in environmental characteristics (Li, Yu, Tian, 
& Boutt, 2018, p. 20). Unit boundaries was taken from the US Geological Survey (USGS) 
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Watershed Boundary Dataset (WBD) from the National Hydrologic Dataset (NHD). 
WBD datasets come in a range of unit divisions, denoted by 2- to 16-digit codes. 8-digit 
hydrologic units (subbasins) were chosen to divide the data and derive separate 
CDOM/DOC relationships. The subbasin scale lessens the effects of sparse data sampling 
while ensuring that subtle differences between subbasins are not excluded. Three 
different subbasin units cover the study area- the Lower Colville, Chandler-Anaktuvak, 
and Sagavanirktok River subbasins (see Fig 11 for details). All three subbasins are 
vertically oriented, running from the highlands of the Brooks Range to the coast. ArcGIS 
was used to identify the sample locations belonging to each subbasin. The corresponding 
samples were analyzed in Matlab. 
One of the major controls on the slope of the CDOM/DOC relationship is 
vegetation, as these relationships are strongest when applied to hydrologic units 
dominated by similar vegetation. Different vegetation regimes, such as evergreen or 
deciduous trees, create enduring differences in the slope of CDOM absorption (Li, Yu, 
Tian, Becker, et al., 2018; Mann et al., 2016). Information on the vegetal characteristics 
of the subbasins was taken from the National Landcover Database (NLCD) run by the 
USGS and the Multi-Resolution Land Characteristics consortium. The latest available 
data for Alaska is from 2016. The data was clipped to the extent of each subbasin, and 
the histograms were exported from ENVI and analyzed in Matlab 2015b to determine the 
landcover classes with the greatest area. 
Precipitation data spanning the years of the investigations (2010-2017) were 
extracted from the Toolik Weather Station to examine the effects upon CDOM or DOC 
concentrations. Measurements were taken at 1-hour interval. Several snow events 
occurring in June were underestimated with the failure of the sensor and use of a tipping 
bucket rain gauge (Environmental Data Center Team, 2020). Water is a dominant 
control on the flux of carbon through the environment. Storms have been associated with 
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pulses of DOC and CDOM into lakes and rivers with higher discharge values in multiple 
environments (J.-J. Jeong et al., 2012; Qiao et al., 2017).  
 
2.6 Algorithms 
The realm of empirical algorithms is represented in this thesis by an algorithm 
from Kutser et al. (2005). The algorithm was calibrated on Scandinavian lakes with a 
variety of sizes and optical qualities. The green and red bands on the Advanced Land 
Imager (ALI) instrument are used as inputs to a power function. The derived function 
with coefficients is as follows 





  Eq. 4 
The ALI instrument was a prototype to the instrument onboard Landsat 8 and 
closely matches the green and red bands of Landsats 7 and 8. However, the green-red 
band ratio (including specifically Eq. 4) was found acceptable with the use of Landsat 8 
(Kutser et al., 2016). Given the varied optical characteristics of the calibration sites for 
Eq. 4 and the lack of appropriate data for fitting coefficients to this study area, the ratio 
algorithm was used without further calibration. As the algorithm derives the absorption 
of CDOM at 420nm instead of 440nm, the CDOM spectral slope was used with Eq. 3 to 
estimate the CDOM absorption at 440nm. 
The Quasi-Analytical Algorithm for CDOM (QAA-CDOM) is an extension of the 
original QAA algorithm developed by Lee et al. (2002) since the original algorithm did 
not separate out the CDOM and non-algal particle components. QAA-CDOM uses the 
same input wavelengths as SBOP. Unlike SBOP, the QAA-CDOM algorithm uses a 
system of equations based on the radiative transfer theory to estimate the CDOM 
absorption at 440nm (see Figure 3b for a flowchart). It does not require the CDOM 
spectral slope as a parameter. QAA-CDOM is designed to be transferable between 
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regions as it does not rely on empirical relationships derived from site samples. It was 
calibrated and validated in the Gulf of Mexico and applied to ten major global rivers (Zhu 
et al., 2014; Zhu & Yu, 2013). 
The Shallow Bio-Optical Properties (SBOP) is a recently designed algorithm for 
the estimation of CDOM absorption that factors in bottom reflectance. SBOP requires 
several inputs to parameterize the algorithm to a specific region. The Rrs signals at 
several wavelengths (440, 490, 555 and 640nm), the backscattering spectrum of the 
presumed bottom material at the same wavelengths, and the spectral slope of the CDOM 
curve are these required inputs. The bottom material is presumed to be sand. The use of 
the 440nm input band means that Landsat 8 or the Sentinel series of satellites is 
required as both satellites have an extra blue band. An optimization algorithm is used 
Figure 5. Pictorial representations of the process for both the SBOP (A) and QAA-
CDOM (B) algorithms. H, B, P, and M are the variables optimized and output by 




that attempts to find the water depth (H), the CDOM absorption at 440nm (M), the 
backscattering coefficient at 555nm (P), and the bottom reflectance at 555nm (B) values 
that derive an Rrs signal that closely matches the input Rrs signals (Li et al., 2017). An 
overall view of the process is demonstrated in Figure 3a. The SBOP algorithm was 
validated in the Great Lakes and Northeast regions of the United States (Li et al., 2017). 
It was selected to test its transferability between regions and to see if an algorithm that 
includes bottom reflectance would improve estimations of potentially shallow 
thermokarst features and Arctic pools. (Zhu et al., 2011) 
 Algorithms were implemented in the Matlab 2015b environment. The SBOP 
algorithm requires the use of a spectral slope (S) to characterize the behavior of CDOM 
in a region. This parameter was derived by averaging the fits of the non-thermokarst 
samples found in Kling & Cory (2016). Thermokarst samples were filtered out as 
thermokarsts have highly variable CDOM concentrations from year to year, the inclusion 
of which may lead to poor representation of the Landsat scene across years.
 Algorithm performance was assessed with three error metrics. The three metrics 
used were the Absolute Mean Error (AME), Root Mean Squared Error (RMSE), and the 
Mean Normalized Bias (MNB). The RMSE and AME metrics are commonly used in the 
geoscience profession, although there is some discussion over which metric is most 
appropriate (Chai & Draxler, 2014; Willmott & Matsuura, 2005). Each metric treats 
error in a different fashion and has different strengths. The RMSE gives greater weight to 
larger errors, but is prone to outlier effects and may reflect variability more than the 
average error (Chai & Draxler, 2014; Willmott & Matsuura, 2005). The AME treats all 
errors with the same weight, but the use of the absolute value obscures the tendency of 
the errors (Chai & Draxler, 2014). The MNB is very similar to the AME, but not does 
include the use of absolute value. The MNB therefore provides information on the 
tendency of the model to over- or underestimate (Willmott & Matsuura, 2005). Using the 
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three together provides a more complete characterization of algorithm performance than 
one alone. Formulas for the error metrics are as follows in Eq. 5-7. 










    Eq. 5 







   Eq. 6 

















The CDOM measurements from Cory et al. (Kling & Cory, 2016b) provide 
information on the variability of CDOM concentrations across the North Slopes area for 
the years of 2010 to 2013 (Figure 4). CDOM a(412) values range from 1-45 m-1. 
Thermokarst features have significantly higher average CDOM (14.3 m-1) than non-
thermokarst features (2.5 m-1). Sampling of thermokarst and non-thermokarst features 
was not evenly distributed through the sampling campaign. Thermokarst features are 
clustered in the first two years with a lack of thermokarst features entirely in 2013. This 
unfortunately disallows the possibility of thermokarst validation sites. The locations 
sampled continuously through the entire campaign are Toolik Lake, Sagavanirktok River 
213km and Kuparuk River. These three locations, which are geographically close to each 
other, will be discussed below in greater detail. 
Toolik Lake is a lake with an average depth of 7m and an elevation of 720m 
(Toolik GIS Program, 2017). Due to its proximity to Toolik Field Station, Toolik has been 
under long-term observation since 1975. In this dataset, Toolik or its outlet were roughly 
sampled on a weekly basis. Toolik Lake CDOM is consistent across both the summer 
season and years. Samples do not deviate from a range of 1-3 m-1 and any weekly 
fluctuations are typically in the realm of 0.3 m-1. This suggests that inputs to Toolik Lake 
from the surrounding catchments are stable. There is greater instability in the early 
season, as drops of ~1 m-1 are recorded in late June/early July of 2011 and 2013. This 
cannot be solely a response to precipitation, as the amount of precipitation leading up to 
the sampled drop does not correlate with the value of the change in CDOM absorption 
across the summer season. It is more likely to be instability caused by the influx of 
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CDOM and organic matter into a lake after a winter of ice cover and little turnover in 
CDOM or DOC.  
Only one location on the Sagavanirktok River, which is 180 miles long and runs 
from the Brooks Range to the coast and is representative of glacial and thermokarst 
outlet streams (Cory et al., 2013), was sampled continuously through 2010 to 2013. The 
headwaters of Sagavanirktok River lie up in the Brooks Range. Sagavanirktok River 
213km is named such as it lies 213km along the river from the coast. It is also located 34 
km east of Toolik Lake. Sagavanirktok River parallels Route 11 for a significant portion of 
its journey through the coastal plains, which may open it to the potential of 
contamination from road dust or erosion. CDOM is more variable at this location than at 
Toolik. There are both large drops and gains of 1-1.5 m-1 through the summer season. On 
average, changes in the concentration of CDOM are higher than at Toolik. There may be 
Figure 4. CDOM field samples categorized and plotted by year. Toolik Lake samples 
have been highlighted in red. There is a large range of CDOM absorption across the 
study area from small or thermokarst features while the permanent waterbody features 
have relatively low and consistent CDOM absorption. 
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a slight degree of correlation with the magnitude of the change and precipitation within 
the week before the sample was taken, but the sign of the change is dependent upon 
other factors. The variable CDOM concentration may be due to a combination of having 
little storage with an average depth of 0.7m (Cory et al., 2013) and mountain runoff from 
the Brooks Range. 
Locations along the Sagavanirktok River were sampled yearly from 2011 to 2013. 
These locations show a general trend of decreasing CDOM absorption from headwater to 
coast (figure 5). This is what would be expected as the photoreactivity of CDOM causes 
degradation with exposure to light and travel time through surface hydrological features 
increases that exposure. Photodegradation was found to dominate bacterial processes by 
a significant degree in the study area, especially since many of the rivers and streams 
have light penetration through much of the water column (Cory et al., 2013, 2014). This 
Figure 5. Samples taken along the Sagavanirktok River on three separate days is plotted 
by distance to coast. There is a general decrease in CDOM absorption as the river nears 
the coast. This is the expected behavior as with increasing travel time comes a greater 
chance for the CDOM to be degraded by light interactions. 
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behavior provides another check on the ability of the algorithms to derive accurate 
estimations of CDOM absorption. Algorithms should be able to demonstrate the natural 
behavior of CDOM. 
Kuparuk River is a stream feature that flows 200 miles from the Brooks Range to 
the coast with headwaters in the foothills of the Brooks Range. According to Cory et al. 
(2013), Kuparuk River is representative of tundra streams where dissolved organic 
matter is the main light-absorbing substance. At the sampling point located 8km from 
Toolik Field Station, Kuparuk River is a small stream. With an average depth of 0.5m the 
light field penetrates all the way to the water column, providing a prime environment for 
oxidation of DOC (Cory et al., 2013). The CDOM absorption seems to be steady across 
the summer season. The differing stability of Kuparuk River and Sagavanirktok River 
may be down to the location of their headwaters. The change in absorption between 
Figure 6. The three locations highlighted in this section are plotted against precipitation 
recorded at Toolik Field Station. It is difficult to pull any strong correlations from the 
data as the response to precipitation is not strong. 
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sampling dates appears to have no correlation with precipitation (figure 6), but the 
general magnitude of the absorption per year seems to have some connection to the total 
amount of precipitation in the months of June to August. With increasing total 
precipitation, the average CDOM absorption increases. This is likely due to greater 
introduction of organic matter to the river with precipitation. 
In the Arctic, the highest CDOM values of the season are associated with the 
spring ice breakup (Amon et al., 2012; Stedmon et al., 2011). This is a quick spike in 
CDOM absorption levels, as the thin active layer in the North Slopes prevents 
groundwater storage and runoff precedes quickly through the system (Hobbie & Kling, 
2014). Although there is little indication of the melting period in the sampling campaign, 
likely due to the difficulties of field sampling during this period, it is worth noting that 
this phenomenon would be expected to show up in remote sensing images taken near the 
beginning of June. For example, both Sagavanirktok River and Kuparuk were sampled in 
early June and had CDOM absorption values 1m-1 and 2.4m-1 higher, respectively, than 
during the rest of that season. Capturing this signal could provide a more accurate 
estimate of the overall carbon flux through the region over the summer. 
 
3.2 DOC 
DOC concentrations are highly variable over the locations of the dataset. A subset 
of the locations used as validation sites are highlighted in Figure 7. Tracking how the 
DOC concentration changes throughout the summer season allows for a consideration of 
how DOC and the environment interact. This provides some basis for examining how the 
estimated DOC concentrations match the natural behavior or range of DOC in the Toolik 
Lake region. 
Toolik was sampled continuously through the sampling campaign. The behavior 
of Toolik DOC across the summer season does not match that of Toolik Lake CDOM. 
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Toolik CDOM absorption stays steady during the summer, but the DOC concentrations 
follow a similar non-steady pattern every year. DOC is highest in May and June with an 
exponential-like decrease to low levels in August. The concentrations plateau between 
400-500 uM near the end of summer. The initial rush of DOC is a response to the influx 
of fresh organic matter from the spring melting period. If plotted against precipitation in 
Figure 8, it is evident that the bump of DOC is not related to precipitation conditions. 
The diverging behavior of CDOM and DOC indicates a change in the color of the DOC. 
The color of the DOC must get darker to support the same amount of absorption with a 
lower pool of CDOM. 
 
 
Figure 7. A subset of DOC locations is shown to demonstrate the interannual variability. 
Toolik Lake samples are highlighted in red. The only waterbody to span all 8 years is 
Toolik Lake. The behavior of Toolik Lake is consistent across years, while Imnaveit is 
much more affected by environmental events. DOC concentrations spike during the 
spring melt period, then decrease to a relatively stable value of 400-500 uM. 
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Many samples were taken in a series of eight lakes (the I series) that feed into 
Toolik Lake in two parallel tracks. The average depths of the lakes are all below 8m, with 
most below 4m (Toolik GIS Program, 2017). The complex interplay of drainage makes 
any relationship of the DOC in lakes difficult to ascertain, although the range of DOC has 
broad similarities across years. There is no apparent gradient with distance from Toolik 
Lake. A comparison of lake behavior over individual years indicates that the lake system 
slightly varies in sync, with greater DOC concentrations some years. The I series has a 
greater range of DOC than Toolik Lake does, but there is some correlation with Toolik 
Lake. This is most easily visible in the years of 2013, 2016, and 2017. The DOC 
concentrations in the I series has a rise and fall matching that of Toolik, as would be 
expected from their status as feeder lakes. 
Figure 8. The three locations highlighted in this section (Toolik Lake, the I series feeder 
lakes and Imnaveit Weir) are plotted along with precipitation recorded at Toolik Field 




Imnavait Weir is a small-scale feature that cannot be used as a validation site, but 
it is included here to highlight the difference in DOC behavior. DOC concentrations are 
typically between 800-1400 uM. The only CDOM samples taken had absorption values 
of 10-11m-1, which matches the high values of DOC. Imnavait Weir does not have the 
same behavior each year. In 2010 and 2013, the DOC concentration rises across the 
summer while in both 2011 and 2012 the concentration is consistent. The spike in DOC 
at the beginning of 2012 is likely due to the spring melting as the 2012 sampling 
campaign begins the earliest. The probable major control on the behavior of DOC is 
precipitation. With 175-192mm of precipitation across the summer, the DOC 
concentration increases but stays the same with either 90 or 242mm. A small amount of 
precipitation leads to a lack of runoff for allochthonous DOC input, but a large amount of 
precipitation may lead to a dilution effect, where runoff passes through the system 
quickly. Somewhere in between lies enough precipitation to promote runoff of organic 
matter and allochthonous DOC production, but where this threshold lies is not clear. 
 
3.3 CDOM Spectral Slope 
Globally, the spectral slope varies from 0.01 to 0.03 with some variation based on 
the wavelength intervals chosen for investigation (Nelson & Siegel, 2001). The value of 
the spectral slope can reveal information about the composition of the CDOM body or 
photodegradation processes (Carder et al., 1989; Twardowski et al., 2004). The average 
global slope is considered to be ~0.015 (Zhu et al., 2014). A comparison of the average 
slope in non-thermokarst bodies on the North Slope reveals a slope on the higher side of 
the range at 0.021 (see Table 3). With thermokarst bodies included, the slope is slightly 
lower at 0.019. A comparison of the North Slope spectral slopes is included in Fig 9. 
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Table 3. A table comparing spectral slopes from different regions. Spectral slope varies 
widely over the globe. Higher latitude locations typically have higher slopes due to 




Location Range of absorption 
at 412 nm 
Description 
0.021 North Slope 0.2-5.6 Non-thermokarst bodies in 
the North Slopes of Alaska. 
Surrounding catchment is 
tundra vegetation. 
0.019 North Slope 0.2-48.3  Slope covering all sampled 
sites 
0.016 Lake Mattawa, 
MA 




Unknown Freshwater plume flowing 
into the Atlantic Ocean (Cao 
& Miller, 2015). 
0.019 Netherlands 0.14-3.46 Danish fjords and coastal 
waters (Stedmon et al., 
2000) 
0.012-0.017 Gulf of Mexico 0.002-0.074 (Carder et al., 1989) 
 The spread of CDOM values over the study area is quite high. Many of the other 
regions highlighted in Table 3 have low ranges of CDOM. The high CDOM range is a 
function of the carbon-rich terrigenous environment in the Arctic. The shallow 
thermokarst features illustrate the potential range of CDOM absorption in Arctic water 
features. Some sites are up to 50m-1 at 412nm. This makes the choose of a slope to 
characterize the region more difficult. Thermokarst features are ephemeral and the range 
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of CDOM across the region will fluctuate across years so to include them in the spectral 
slope calculations risks a value that will not be characteristic. Excluding thermokarst 
features will likely give a spectral slope that sufficiently characterizes the permanent lake 
features but may give less accurate results for thermokarst features. More information is 
needed on thermokarsts to understand how exactly their presence affects the slope on a 
yearly basis. 
 
3.4 Atmosphere correction using Acolite 
Acolite produced satisfactory lightfield outputs. Figure 10 demonstrates the 
difference between reflectance at the top of the atmosphere (TOA) and remote sensing 
reflectance (Rrs) values after atmospheric correction. The TOA values follow the expected 
curve for the sun’s radiation which peaks around 500nm (Jensen, 2014). Water is a 
highly efficient light absorber, so the water-leaving remote sensing signal make up a 
small percentage of the overall total.  
Figure 9. The sampled CDOM is graphed to investigate the spread of the signal. There is 
a vast range of CDOM absorption over the whole study area. Removing the thermokarst 
sites from the plot shrinks the range immensely and also lessens the average slope. 
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Pure water absorption decreases smoothly with wavelength. The Horn Lake 
signal demonstrates this. The other sites have increases from 440 to 550nm that are 
indicative of constituents in the water interacting with the light signal. Extra absorption 
in the blue and red spectrums comes from CDOM and phytoplankton pigments (Cetinic, 
2020).   
Figure 10. A comparison of the difference between TOA reflectances and the water-




CDOM AND DOC ESTIMATION 
4.1 CDOM retrieval 
The crux of this thesis is whether CDOM absorption can be derived from satellite 
imagery. Figure 11 plots the algorithm derived CDOM absorption at 440nm versus that 
calculated from the field samples. The truncated range of values makes it difficult to 
consider the effectiveness of the algorithms. A larger range of CDOM would allow for a 
greater understanding of how the algorithms behave in thermokarst and non-
thermokarst environments. Despite this, it can be noted that the algorithms have a 
Figure 11. The graph provides a comparison of the estimated and sampled CDOM 
absorption at 440nm. Due to the lack of sufficient samples, there is no significant trend 
regarding accuracy that can be pulled from the estimations. However, it can be noted 
that all algorithms have the same general shape across the samples, hinting that all 
algorithms are responding to variations in the CDOM samples. 
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similar pattern in how CDOM is estimated. This is a good indication that the algorithms 
are responding to environmental conditions instead of internal parameters. 
Each algorithm has its own behavior when estimating CDOM. SBOP consistently 
predicts values lower than the sampled data, due to the inclusion of bottom reflectance. 
In scenarios where SBOP is used on optically deep waters, SBOP will underestimate the 
CDOM signal by removing a small 
amount of assumed bottom signal (Li 
et al., 2017). This is visually 
demonstrated in Figure 12 by a view of 
Toolik Lake. The highest estimated 
CDOM values follow the shallow areas 
of Toolik as revealed by the 
bathymetry. Since the available 
validation sites are lakes with offshore 
depths of several meters and optically-
deep waters are a combination of both 
depth and water constituents, it is 
likely that many of the lake sites are 
optically-deep and therefore are not 
best used with SBOP. 
The histogram of the spread of 
CDOM also provides insight into the 
estimation tendencies of SBOP (Figure 
13). Each image has a maximum value 
of 11m-1 with minimum values of 0m-1, 
but the spread of values is subtly 
Figure 12. A comparison of the Toolik 
bathymetry (Toolik GIS Program, 2017) and the 
pattern of the SBOP estimated a(440) values at 
a date in 2019. The highest CDOM value at this 
date is 4m-1. The shallow water areas are 
visually distinct in the estimation image. The 




different. The two August images cover the southern portion of the study area with 
Toolik Lake and the foothills. The mean CDOM is 0.1-0.3m-1 between the two images 
with standard deviation values of 0.3-0.5m-1. The July image covers the northern portion 
with the Sagavanirktok River and the coastal plains. The mean is 1.6m-1 with a standard 
deviation of 2.1m-1. This suggests along with Figure 8 that the Sagavanirktok River and 
coastal plains have a higher percentage of optically shallow waters where SBOP provides 
less of an underestimate. 
QAA-CDOM visually plays close to the 1:1 line with both over and under-
estimates. It was found to perform well on both CDOM-rich and -poor optically deep 
Figure 13. The histogram of estimated a440 values for all three 2013 images is shown. 
The July image covers the northern portion of the study area while the August images 
cover the southern portion. Despite the similar image coverage, the histogram spread of 
the values is different. 
46 
 
waters, so it would be presumed that QAA-CDOM would do well across the Arctic in the 
assumption of optically deep conditions (Zhu & Yu, 2013). It does output higher CDOM 
estimations than SBOP. One validation site is estimated to be unusually high. On the 
Landsat image, the lake in question appears bright potentially due to either lighting 
conditions or silt in the water. The behavior of QAA-CDOM is different over all images. 
In the July image, QAA-CDOM estimates very low a440. Interestingly, QAA-CDOM also 
has maximum values below those of SBOP. In the event of optically shallow waters, 
QAA-CDOM would be expected to provide an overestimate of the true CDOM 
absorption. 
The k05 algorithm consistently estimates values higher than the sampled data. 
The algorithm as used in this thesis was not reworked in any way which contributed to 
this behavior. K05 has the highest means over all three images, and the widest histogram 
spread. The spread of lake CDOM absorption values in the Kutser et al. (2005) study is 
similar to those in the Arctic over thermokarst and non-thermokarst features in an 
environment of boreal or mixed boreal vegetation (Kutser et al., 2005). 
The error metrics calculated for the algorithms contain a suitable way to compare 
algorithm performance. The metrics were computed on both the median and mean 
CDOM values over a lake to test whether choice of averaging technique affects the results 
(Table 4). In this thesis, the choice did not lead to any significant changes in the value of 
most of the error metrics. This indicates that the validation sites had a small range of 
estimated CDOM with few anomalies. However, the AME and MNB for K05 do show a 
difference. The difference does not appear to be important in this thesis given the spread 
of error metrics but would be of greater importance with closer algorithm performance 
or a change in locations. The choice should thus be investigated with care.  
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Table 4. Error metrics for the CDOM estimation are listed here.. It is interesting to note 
that the AME/MNB metrics tell a different story than the RMSE. Values computed using 
the median values are not significantly different than those using the mean values. 
MEAN SBOP QAA K05 
AME 0.90 1.30 2.49 
MNB -0.001 0.81 2.49 
RMSE 0.90 0.48 0.61 
    
MEDIAN SBOP QAA K05 
AME 0.92 1.31 2.37 
MNB 0.01 0.80 2.37 
RMSE 0.91 0.50 0.60 
 
 SBOP has the lowest AME and MNB values, followed by QAA-CDOM. The AME 
is a better representation of the average error than the MNB for these two algorithms, 
since both algorithms derive high estimations for a single point that balance out the 
underestimates. The RMSE is sensitive to large variances (Chai & Draxler, 2014), but 
QAA-CDOM still has the best RMSE of all the algorithms. K05 has quite large AME and 
MNB errors as it consistently overestimates the CDOM absorption. Interestingly, K05 
has a better RMSE than SBOP despite the large average errors. Given the available data 
and error metrics, QAA-CDOM is the best fit for CDOM estimation in the Arctic with 
SBOP as a second choice deserving more investigation. 
 
4.2 Impact of DEM on CDOM retrieval 
The use of a manual elevation to parameterize the atmospheric correction process 
is a choice that must be investigated. The elevation used was that of Toolik Lake (720m) 
as the centerpoint of the field investigations. Many sites over the entirety of the data are 
within 100m of Toolik Lake, but many of the sites selected for validation do not fall 
within that category. This is important as elevation should impact the Rrs signal from 
Acolite. A low elevation has a greater amount of atmosphere above it, increasing the 
effect of the atmosphere on the light signal (Sjoberg & Horn, 1983). Topography also 
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affects illumination conditions which need to be accounted for to derive accurate surface 
reflectance values (Dymond & Shepherd, 1999; Hantson & Chuvieco, 2011). Three sites 
from the Sagavanirktok River (66, 147 and 160km) and one from the coastal plain 
(Silhouette Lake) with elevations from 13 to 147m were chosen to test the impact of 
elevation (Kling & Cory, 2016b). Each site was run through Acolite twice. All settings 
were kept the same except for the elevation, which was run at 720m and sea level (0m). 
Unexpectedly, the output Rrs signals are slightly higher with the lower elevation (Figure 
14). 
The change in elevation did not seem to cause significant differences in the Rrs 
signals. However, the change in the estimated CDOM values are more significant (show 
Figure 14. The impact of elevation upon the Rrs signals from Acolite. The lower elevation 
produces slightly higher Rrs signals, contrary to what would be expected. The expectation 
would be that a lower elevation has a greater amount of atmosphere that would scatter 
the upwelling light to a higher degree, thereby lowering the signal. 
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in Table 5). The CDOM a440 values from QAA-CDOM differ very little. Slight variations 
in input should not create major output differences given QAA-CDOM’s formula. K05 is 
a ratio algorithm and is thus sensitive to any difference in the relationship between 
bands. As such, K05 has significant differences in the CDOM that it estimates. It skews 
even higher with an elevation of zero. SBOP has the most dramatic changes as it becomes 
unable to solve. SBOP is the least straightforward of the algorithms, and the use of an 
optimization algorithm makes it difficult to predict how the output will change with a 
different input. Since a greater amount of CDOM would depress the Rrs signal, the slight 
increase of the signal combined with SBOP’s tendency for underestimation may have 
pushed the estimation too low.  
Table 5. A comparison of the changes in estimated CDOM absorption with the change in 
elevation. The changes in both the SBOP and K05 algorithms are significant, while the 
changes in QAA-CDOM are generally negligible. 
Location Algorithm Elevation = 720m Elevation = 0m 
 
Sagavanirktok 147km 
SBOP 0.7 0.0 
QAA-CDOM 1.0 0.9 
K05 2.7 3.3 
 
Sagavanirktok 66km 
SBOP 0.6 0.0 
QAA-CDOM 0.8 0.8 
K05 2.4 3.2 
 
Silhouette Lake 
SBOP 1.9 0.0 
QAA-CDOM 3.3 2.3 
K05 1.5 1.8 
 
Sagavanirktok 22km 
SBOP 0.3 0.0 
QAA-CDOM 0.7 0.7 
K05 1.9 3.0 
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The significant changes in the output CDOM estimations induce large changes in 
how the algorithms perform against each other (Table 6). QAA-CDOM has the same 
RMSE, but reduced AME and MNB values. This reduction is, however, due to a drop in 
the CDOM absorption for the particularly bright Silhouette Lake, instead of an effect 
spread over multiple points. The RMSE for K05 is essentially the same with increased 
AME and MNB values due to the increase in estimated values. The error metrics for 
SBOP change significantly. The AME remains the same, but the MNB becomes highly 
negative. This is due to the removal of Silhouette Lake and the other shallow stream 
Sagavanirktok points. The RMSE value, unlike the other two algorithms, is heightened 
0.5 to 1.49. This gives SBOP the worst performance of the algorithms.   
Table 6. A comparison of error metrics between the elevations. Error metrics are 
computed on the entire population. It must be noted that the error metrics for SBOP are 
computed with a smaller number of samples because the elevation change caused SBOP 
to be unable to output a solution for certain sites. This does make it difficult to compare 
it to the other algorithms. Italicized metrics are at elevation 720m for comparison 
purposes. 
 SBOP QAA-CDOM K05 
AME 0.95 (0.90) 1.23 (1.30) 2.51 (2.49) 
MNB -0.93 (-0.00) 0.74 (0.81) 2.51 (2.49) 
RMSE 1.49 (0.90) 0.47 (0.48) 0.62 (0.61) 
A reason for this discrepancy may be Acolite’s automatic optimization of the 
atmospheric correction for each image. The dark spectrum algorithm will choose target 
pixels from the best band (Vanhellemont, 2019b), but this does not seem to be a 
consistent response. There are slight changes in the dark reflectance path across images 
run with different parameters (such as elevation). This behavior makes it difficult to 
understand exactly how the changes in elevation affect the output Rrs signal. For this 
reason, it is suggested that the appropriate DEM be substituted for Acolite’s base DEM. 
This will ensure that elevations and atmospheric conditions are represented accurately 
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over the scene and will thus allow for better comparison of the algorithms over a range of 
elevations. 
4.3 DOC Retrieval 
Given the relative lack of CDOM data for validation, the second step of this thesis’ 
investigation was to derive estimations of DOC concentration using algorithmically 
derived CDOM as an extra validation step. This has the added benefit of providing a 
greater number of validation points with which to compare the algorithms. CDOM-DOC 
relationships are created on a small-scale basis to portray local variations in the behavior 
of carbon. Relationships could be created for three subbasins covering a significant 
portion of the North Slopes region. The three subbasins are the Chandler-Anaktuvak, 
Kuparuk, and Lower Colville River. The relationships are illustrated in Figure 15. The 
Chandler-Anaktuvak and Kuparuk subbasins have a range of values allowing for 
relationships with R2 values of over 0.9. The Chandler-Anaktuvak samples come from a 
set of headwater streams in and around a location called the Valley of Thermokarsts. 
CDOM levels are higher in this location, potentially due to the flat landscape. The 
Kuparuk sites come entirely from Toolik Lake and its headwater catchments. The Lower 
Colville subbasin only contains three points covering a low range of CDOM and while the 
R2 value is not bad at 0.68, the conclusions drawn from such few points should be 
regarded as suspect. This thesis will mainly focus on the Kuparuk River subbasin as all 
the validation sites occur within it. 
Vegetation is a strong control on the behavior of the CDOM-DOC relationship by 
influencing the slope (Li, Yu, Tian, & Boutt, 2018). A view of the watersheds with the 
landcover is in Figure 16. The Kuparuk and Lower Colville watersheds have similar 
vegetation makeups (50% Sedge-Herbaceous, 30% Dwarf Shrub). The Chandler-
Anaktuvak watershed is markedly different at 70% Dwarf Shrub. Dwarf Shrub is defined 
as very low ground cover with canopy coverage of at least 20% while Sedge-Herbaceous 
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is area with 80% of total vegetation as sedges or forbs and includes sedge/sedge-tussock 
tundra (Homer et al., 2020). Both vegetation categories may be periodically or 
seasonally wet or saturated due to the melting of the snow in late spring (Homer et al., 
2020). The difference in vegetation type between the Chandler-Anaktuvak (slope = 36) 
and Kuparuk (slope = 83) subbasins may explain why Chandler-Anaktuvak has a lower 
slope. The Lower Colville subbasin has a very high slope (slope = 228) due to the 
inclusion of few points, but it might be expected to have a similar slope to Kuparuk given 
more data.  
Figure 15. The relationship between CDOM absorption and DOC concentrations is 
broken up by subbasin. The slopes are as follows: Lower Colville- 228, Chandler-
Anaktuvak- 36 and Kuparuk- 83. One point (unfilled) in the Chandler-Anaktuvak 




 Figure 17 contains the relationship between the observed and estimated DOC 
concentrations with the associated error table in table 7. The error metrics are 
Figure 16. A map of the subbasins covering the study area. Basins from left to right: 
Chandler-Anaktuvak, Lower Colville, Kuparuk, and Sagavanirktok. Kuparuk contains 
Toolik Lake and many of the sites most commonly sampled. Sagavanirktok could not be 
used but is included for completeness. 
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significantly different from the CDOM metrics, perhaps due to the greater number of 
validation points, while the behavior of the algorithms is the same. The AME for all 
algorithms are quite small. The MNB for SBOP indicates that SBOP underestimates the 
DOC concentration, and this is readily observable in Figure 17. QAA-CDOM has a mean 
error close to zero, although this appears to be from a combination of over- and 
underestimates than from points close to the 1:1 line. There is one point at which QAA-
CDOM derives a very high DOC concentration, potentially due to contamination from 
non-water sources in the pixel. Removal of this point on the QAA-CDOM error metrics 
does not significantly affect either the MNB (which merely switches sign) or the RMSE. 
K05 has very similar error metrics to SBOP. Based on the error metrics, all algorithms 
Figure 17. A comparison of sample and estimated DOC concentrations. All algorithms hit 
a limit at low DOC concentrations, although the SBOP and QAA-CDOM algorithms hit 
limits close to the y-intercept on the DOC-CDOM relationship. 
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are good choices for the estimation of DOC. However, it should be noted that the DOC 
validation samples, and the samples used to create the CDOM/DOC relationship are 
from the same locations and may suffer from some amount of overfitting. 
Table 7. Error metrics for the DOC estimation. Metrics for QAA-CDOM in parentheses 
represent the data with the high point removed. Metrics are not significantly different 
across algorithms. 
 SBOP QAA-CDOM K05 
AME 0.19 0.30 (0.22) 0.19 
MNB -0.15 0.04 (-0.04) 0.12 
RMSE 0.12 0.16 (0.13) 0.10 
 
4.4 Seasonal Dynamics 
Although the algorithms seem to estimate both CDOM and DOC concentrations 
with sufficient accuracy, it is an important check on the algorithms to see if the seasonal 
patterns of individual water bodies can be reconstructed. This is a critical step in being 
able to depict the carbon cycles of an area. 
Toolik Lake, as revealed in sections 3.1 and 3.2, has a seasonal pattern of CDOM 
and DOC that is consistent across years. CDOM absorptions stays level across the 
summer, with a burst of higher CDOM in the spring melting period. DOC concentrations 
decrease exponentially across the summer period. The amalgamation of all the estimated 
CDOM and DOC values are plotted in Figure 18. It is immediately obvious that while the 
algorithms are capable of outputting the small range of the CDOM levels in Toolik Lake, 
as well as the typical stable DOC concentrations. However, another problem crops up in 
that it is difficult to get satellite imagery or sometimes field samples during the spring 
melt period. This period is critical for understanding the pulse of carbon across the 
North Slopes. The ability to test whether the algorithms can output accurate estimations 
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for the spring melt period would be important for future research using remote sensing 
algorithms in this area. 
 
One pitfall that may crop up with the spring melt period is that the relationship 
between DOC and CDOM may change across the summer. As an example, Toolik DOC 
increases with the spring melt. There is little available data on the behavior of CDOM 
during this same time. If the CDOM absorption was to stay level as it does throughout 
the rest of the summer, this would be explained by the DOC changing color. For a higher 
DOC concentration to be linked to the same CDOM level as a lower DOC concentration, 
the lower DOC concentration must be darker. This change cannot be reflected if the 
relationship between CDOM and DOC is applied on the basis of samples from the entire 
summer. Therefore, in order to get an accurate reading of DOC concentrations in certain 
lakes, the relationships would need to be computed at multiple points of the summer. 
Figure 18. The CDOM and DOC points from all images (2013-2020) are plotted together 
to get a sense of how the algorithms behave. Each algorithm has internal consistency on 
the magnitude of the estimated CDOM absorption, which matches the typical behavior of 
Toolik CDOM. The same internal consistency can be noted with the DOC. 
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This does however, run into the problem of requiring a significant number of both 
CDOM and DOC samples as well as holding true only for certain waterbodies. Whether 
this is an applicable step to take will rely on the purpose of the investigation and ability 






The ability to analyze the carbon dynamics of the Arctic regions, including the 
North Slopes of Alaska, relies on the use of satellite imagery to alleviate the burdens of 
sample collecting. Satellite images are often partially obscured by clouds but provide 
much greater reach than traditional sampling campaigns. Coupled with the proven 
ability to derive both CDOM and DOC estimations using algorithms and the remote-
sensing signal from satellite imagery, limited sample campaigns can provide data 
spanning both time and space beyond the campaign scope. However, the diversity of the 
inland water system makes for a more complex problem. There are a variety of optical 
depths between lakes and streams. CDOM and DOC concentrations can vary highly and 
have differing relationships across a landscape. Bottom reflectance can have significant 
effects on the outgoing water signal and the ability of algorithms to accurately estimate 
CDOM absorption values (Li et al., 2017). Algorithms calibrated on specific regions may 
not be able to handle the CDOM range and dynamics of a different region. 
There are numerous algorithms in use for CDOM estimation. Some algorithms 
are simply calibrated for certain regions and water types while others are intended for 
use in multiple regions or water types. The three algorithms examined in this thesis 
cover multiple types of algorithm to determine the best fit for the study area of the 
Arctic. The SBOP algorithm, designed for shallow water environments, has the worst 
RMSE but the best AME and MNB. The QAA-CDOM algorithm, designed for general 
geographic use, has the best RMSE value and middling AME/MNB values. The K05 
algorithm, a simple algorithm for high-latitude regions, has an RMSE value between 
SBOP and QAA-CDOM but by far the worst AME/MNB values. There is some indication 
that SBOP produces higher CDOM estimations in shallow water areas as it was designed 
to do but was little tested during this thesis. These results indicate that either a 
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combination of QAA-CDOM with SBOP, or K05 are the most appropriate algorithm 
choices. What algorithm is best suited to a study will depend on multiple factors. 
 The choice of the most appropriate algorithm is a difficult one. There are 
multiple challenges that must be considered, such as DEM, depth of validation sites, and 
lack of validation points keep the question open. Acolite is a convenient and open-source 
program for computing aquatic remote sensing variables but is difficult to use in the 
Arctic as the program’s DEM model excludes higher latitudes. A flat elevation is simple 
to input but erases the effect of hills and atmospheric height whereas inputting a DEM 
model to cover the study area is technically difficult. The Arctic is a challenging place to 
sample, which often limits the geographic spread of data and may also have an impact on 
the range of the data itself. This may require any conclusions to be drawn on a 
generalized basis without the ability to see any unique behavior. Thermokarst sampling 
is particularly sparse. Future investigations focusing on yearly tracking of thermokarst 
CDOM absorption and DOC concentration would be crucial for improving estimations. 
The DOC estimated by the algorithms paints a different picture. A greater 
amount of DOC points was able to be used for validation. The three algorithms have 
essentially identical error metrics, implying that any of the three are appropriate choices. 
This is likely due to the fact that the validation points come from a series of 
interconnected lakes with a small range of both CDOM and DOC, which leads to reduced 
variation between the algorithm estimations. The trend of the DOC also provides an 
indication that greater accuracy for certain lakes may involve computing the 
CDOM/DOC relationship at different points of the season. 
In conclusion, this thesis proves that using published algorithms and remote 
sensing algorithms can be used in inland water environments with an acceptable amount 
of accuracy and spatial resolution. This will allow future investigations to couple inland 
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